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Abstract
Very low-light conditions are problematic for current robotic vision
algorithms as captured images are subject to high levels of ISO
noise. We propose a Bayesian Residual Transform (BRT) model for
joint noise suppression and image enhancement for images cap-
tured under these low-light conditions via a Bayesian-based multi-
scale image decomposition. The BRT models a given image as the
sum of residual images, and the denoised image is reconstructed
using a weighted summation of these residual images. We evalu-
ate the efficacy of the proposed BRT model using the VIP-LowLight
dataset, and preliminary results show a notable visual improvement
over state-of-the-art denoising methods.
1 Introduction
Robotic vision is a popular field of research due to the crucial role
it plays in all vision-based tasks. While there have been numerous
recent advances, robotic vision systems typically encounter diffi-
culties given practical environments, particularly in very low-light
conditions. This is problematic as low-light robotic vision is essen-
tial for many applications such as night-time robotics, navigation,
and computer-aided search and rescue missions.
Image noise is typically caused by the thermal noise from the
camera’s circuitry, and becomes particularly noticeable in low-light
conditions [1, 2]. Caused by the gain (ISO) settings used in dim
lighting, high levels of ISO noise are common in low-light condi-
tions given the relatively low signal levels of the captured image.
Thus, the image restoration problem is a fast growing field of re-
search [3, 4]. Current image restoration methods include edge-
preserving bilateral filtering [5], non-local means filtering [3], block-
matching 3D filtering [4], and transform-based methods such as
orthonormal wavelet denoising [6, 7].
These state-of-the-art methods, however, tend to use patch-
based approaches when facing the image restoration problem. In
particular, [5] and [4] are based on local relationships, and gener-
ally have difficulty reconstructing the underlying image structures
in the presence of high levels of noise. Additionally, none of these
methods seek to denoise the image while simultaneously boosting
the contrast. We propose a Bayesian Residual Transform (BRT)
model for joint noise suppression and contrast enhancement for
images contaminated with heavy noise.
2 Methodology
To suppress the inherent ISO noise and boost contrast, the low-
light image is first decomposed on multiple scales using the Bayes-
ian Residual Transform (BRT) [8]. The BRT of an image, f (x), is
modelled as a summation of n residual images:
f (x) =
n
∑
i=1
ri(x) (1)
= f∑,1(x) (2)
where each residual image, ri(x), characterizes image information
at the ith scale. An image f∑, j(x), then, represents the summation
of residual images of scales [ j,n]:
f∑, j(x) =
n
∑
i= j
ri(x). (3)
Since we can rewrite the summation as
f∑,1(x) = f∑,2(x)+ r1(x), (4)
it becomes clear that the residual image r1(x) represents the resid-
ual between the summation of residual images of scales [1,n] and
the summation of residual images of scales [2,n].
Similarly to Wong et al. [8], we formulate the solution to the
inverse problem of estimating f∑,2(x) given f∑,1(x) using the condi-
tional expectation E( f∑,2(x)| f∑,1(x)) [9], i.e.,
fˆ∑,2(x) = E( f∑,2(x)| f∑,1(x)). (5)
This can then be generalized for any r j(x) at scale j for j < n as
follows:
r j(x) = fˆ∑, j+1(x)− fˆ∑, j(x), (6)
where
fˆ∑, j+1(x) = E( f∑, j+1(x)| fˆ∑, j(x)) (7)
and rn(x) is simply fˆ∑,n(x).
Since the low-light image is represented as the sum of resid-
ual images at all scales, we can assume that the residual images
at certain scales are more strongly representative of the captured
ISO noise. As such, we can reconstruct the low-light image with
suppressed noise and boosted contrast via a weighted sum:
f ′(x) =
n
∑
i=1
αiri(x) (8)
where αi is a weighting coefficient for the residual image at the
ith scale. To suppress ISO noise and enhance image contrast,
the weighting coefficients (determined empirically) for residual im-
ages strongly associated with ISO noise and image content are
decreased and increased, respectively.
Figure 1 shows a visualization of the joint noise suppression
and contrast enhancement method via the BRT model. The image
f (x) is decomposed into multi-scale residual images, and recom-
bined via a weighted summation to form the final denoised and
contrast enhanced image.
3 Results
The proposed BRT model and state-of-the-art methods were com-
pared using the VIP-LowLight1 dataset (as shown in Figure 2), a
set of natural images captured in very low-light conditions, to in-
vestigate the real-world applicability of the methods. The dynamic
range of the images were scaled to show the image content and
the corresponding amplification of the ISO noise. As there was
no ground truth for these images, the restored images generated
by the different state-of-the-art methods and the BRT model were
compared visually.
Figure 3 shows samples of captured and restored images us-
ing VIP-LowLight. The bilateral filter and the SURE-LET approach
have some success suppressing the amplified ISO noise; however,
the noise is still noticeable in flat areas and the images retain their
grainy texture. BM3D and NLM appear to be able to eliminate more
of the ISO noise in the camera images captured at low-lighting con-
ditions, but there is noticeable distortion at the edges due to the fil-
tering. The proposed BRT model enhances important details and
textures while significantly reducing the perceived noise, and there
is a notable reduction in the grainy texture of the images.
1http://vip.uwaterloo.ca/demos/vip-lowlight
Fig. 1: Algorithm overview for noise suppression and contrast enhancement using the Bayesian Residual Transform (BRT) model. The
image is decomposed into multi-scale residual images, and recombined via a weighted summation.
Fig. 2: Images from the VIP-LowLight database, a set of full-sized real camera data captured under very low-light conditions.
4 Discussion
The proposed BRT model allows for a noticeable reduction in per-
ceived ISO noise in homogeneous areas while retaining edges as-
sociated with image texture. Though there is a significant visual
improvement over the other state-of-the-art methods, the proposed
BRT model still suffers from blurriness around low contrast edges,
and artifact patterns similar to the ones seen in images filtered us-
ing BM3D [4]. Further investigation into the BRT model parameters
(e.g., number of decomposition scales, recombination weighting
coefficients) is required to fully realize an optimal noise suppres-
sion and contrast enhancement model, and testing using a larger
dataset is needed to better characterize the advantages and dis-
advantages of the proposed BRT model.
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Fig. 3: Visual comparison of the bilateral filter [5], the non-local means (NLM) filter [3], the block-matching with collaborative 3-D (BM3D)
filter [4], the SURE-LET approach [7], and the proposed BRT model using the VIP-LowLight dataset of real camera data captured under
very low-light conditions. The images have been cropped to better illustrate the differences between the restored images (see Figure 2
for full sized captured data).
